Landslides are natural disasters that have an impact in many areas around the world including the territory of the Republic of Macedonia. In this country, about 300 large landslides are registered, most of which cause serious damage to the infrastructure almost every year. In that sense, the mapping of sites that are susceptible to landslides is essential for the management of these areas. This is a crucial step to prevent landslides in places where this could be expected or to minimize its damages. Therefore, a heuristic approach of Analytical Hierarchy Process (AHP) combined with Geographic Information System (GIS) and Remote Sensing (RS) is used in this work for the assessment of potential landslide areas in the Republic of Macedonia. In the procedure, 6 triggering factors indicating a strong influence on the landslide activity are selected, including lithology, slope angle, land cover, terrain curvature, distance from rivers and distance from roads. Through the procedure, expert-based weight of these factors is made. The LS model is produced with the summing up of the factor layers in the form of harmonized raster grids. Finally, the values of the grid model are classified according to the quantiles and natural breaks scheme. The produced maps show acceptable results confirmed by validation methods and ROC analysis, indicating that about 40% of the country area is under high and very high landslide susceptibility. This approach can be further improved if combined with statistical methods in the form of a hybrid model.
INTRODUCTION
With large areas of erodible crystalline rocks (gneiss, mica-schists, other schists), sandstones, lacustrine and fluvial deposits, steep slopes (39.5 % of the area above 15°), semi-arid climate and sparse vegetation, landslides are very common in North Macedonia. Frequent storms with heavy or prolonged rains contribute to excess runoff and hillslope instability. Landslides, slumps, and soil creep are especially often on the valley sides, where Neogene lacustrine sands and sandstones are superimposed over inclined impermeable clay and schist layers. In more compact weathered rocks (igneous, limestone, marble), rockfalls, rockslides, debris flows, and other gravitational processes occur. In addition to the natural factors, increased human impact (road-cuts and heavy constructions on steep terrain) significantly contribute to the activation of landslides resulting in economic damages and even casualties [1, 2] .
To reduce the risk from the landslides, identification and mapping of the landslide-prone area is a very important task. This information is often described in the form of landslide susceptibility zonation (LSZ) [3] [4] [5] [6] [7] [8] [9] . According to Brabb [10] , landslide susceptibility (LS) is the likelihood of a landslide to occur in an area on the basis of local terrain conditions. It is the degree to which a terrain can be affected by slope movements, i.e., an estimate of "where" landslides are likely to occur. According to van Westen et al. [11] , a landslide susceptibility analysis (LSA) involves essentially four main phases: (a) the production of a landslide inventory map, (b) the assessment of event -controlling factors that influence the landslide manifestation, (c) the appli-cation of appropriate methods for determining the weights of each factor and (d) the compilation of the landslide susceptibility map using a GIS procedure. In most cases, the complexity of the causative and triggering factors, their unknown interrelationship and the lack of knowledge, make the LSA a very demanding task [12] . However, with the help of GIS, it is possible to integrate spatial data of different layers to determine the influence of the causative factors on landslide occurrence [13] [14] [15] [16] [17] .
Besides the high frequency and yearly damages of up to several million euro, in the Republic of Macedonia, only a few small-scale studies of GIS and RS based landslide area assessments were made with different success. Thus, Milevski et al. [18] use SAGA GIS-based cluster classification of landsliderelated factors for susceptibility zonation of Gevgelija-Valandovo basin, and later, frequencyratio model was implemented in landslide hazard zonation of Pehčevo Municipality [19, 20] , Vlaina Mountain [21] and index-based method in landslide susceptibility of the Kriva River catchment [22] . Meanwhile, Peševski [23] made a very detailed landslide inventory of the Polog-Reka (NW) area as a basis for landslide hazard zonation (LHZ). Currently, Macedonia is without detailed (national-scale) landslides inventory and landslide susceptibility zonation whichis necessary for any land use planning purpose. Thus, the aim of this paper is to make an attempt to determine areas or zones in the country susceptible to landslides. That is made with an analytical hierarchy process (AHP) implemented through geographical information system (GIS) and remote sensing (RS). The advantage is the cost-saving and large-area identification of hazard zones. Therefore, it can be used in hazard zoning of the disaster management authorities [24] .
METHODOLOGY
Modeling and mapping of landslide-prone areas on a regional scale is a very complex task, because of many natural and anthropogenic factors related to landslide processes. The first step in this regard is the selection of the most suitable method for landslide susceptibility assessment. Keeping in mind the large extent of the area and the small landslide inventory, heuristic approach with the Analytical Hierarchy Process (AHP) is selected as a method in this paper.
The AHP is one of the most popular MultiCriteria Decision-Making (MCDM) tools for formulating and analyzing decisions [25, 26] and it consists of three main operations, including hierarchy construction, priority analysis, and consistency verification [27] . Recently, this approach is widely used in the GIS-based assessment of landslide susceptibility [28, 29] . Within the approach, comparison of the contributions of different landslide triggering factors is estimated, where the weight of each criterion is determined by expert-based pair-wise comparison matrix as described by Saaty and Vargas [30] .
The implementation of AHP methodology in the assessment of landslide susceptibility firstly requires the finding of interdependencies between the most important influential attributes. It is highly recommended to normalize the values of input attributes and classify them into a specific number of classes. In our case, a 5-class range was used, meaning that 1 is the least likely, while 5 is highly likely to trigger landslide occurrence. Reclassified and ranged attributes, with their weights, give the final impact on the susceptibility model. Thus, a proper selection of most influencing factors or triggers is a very important step in this process.
There is a lort of researches worldwide about the selection of most important landslide triggering factors. According to Crozier [4] , depending on the characteristics of the study area, at least three triggering factors have to be included in GIS analysis including topography, lithology and land use. Donati and Turrini [31] indicate that the most common landslide triggering factors are: lithological units, tectonic features, slope angle, proximity to (road and drainage) networks, land cover and rainfall distribution. In the preliminary LS mapping on the national level in Slovenia, Komac and Zorn [32] used 6 factors as a most relevant: lithology, surface inclination, surface curvature, land use, maximum 24-hour precipitation, and surface aspect. Thus, the proper selection is of greater importance than the number itself. Based on the previous knowledge and experience, and keeping in mind data availability, in this work 6 landslide triggering factors were considered: slope, lithology, land use, plan curvature (convexity), distance from streams and distance from roads. When the aspect is analyzed, a weak correlation with landslide distribution is shown, and because of that, aspects as a factor are excluded in the modeling. Actually, numerous other studies are controversial about aspects-landslides correlation [33] [34] [35] [36] . The similar is with precipitations which do not have significant spatial differences (in average 500 to 800 mm per year) and there is no accurate data about the heavy rain distribution. In the entire procedure, SAGA GIS v.7 software is used, where all of the factors were converted to raster grids with 20-m resolution. For the purpose of the study, each factor is divided into proprietary classes according to its range, distribution and structure. The data for slope and curvature were calculated from the 20 m digital elevation model (DEM) of the entire country, based on the combined freely available 20-m ALOS and 30-m SRTM DEM. Slope values are classified into 5 classes (0-5°, 5-10°, 10-30°, 30-45°, and more than 45°). In a similar way, according to the values, terrain (profile) curvature is split into 5 classes: highly convex, convex, flat, concave and highly concave. The lithology grid was prepared from a 1:100,000 scale digitalized geological map of the country with 78 lithological units: from Precambrian gneiss and mica-schist through Mesozoic limestone to Cenozoic sediments of marine, lacustrine and riverine origin. These lithological units are reclassified according to the erodibility and engineeringgeological features into 5 classes: from clastic sediments and tuffs to very resistant rocks (marble, limestone, quartzite etc.). Land use layer was prepared according to CORINE (CLC2012) general classification hierarchy. Distances from the streams were derived using DEM-based drainage network tool, while the distance from the roads was prepared from the latest (2018) freely available OSM (Open Street Map) road network in vector format. According to the relevant research experience and consulted bibliography, 5 buffer zones for roads (on 50 m steps) and streams (on 100 m steps) were created and rasterized.
In our study, previously selected factors are weighted according to the AHP matrix by the combination of the experts opinion, the field experience of the authors, as well as the results of landslide susceptibility assessment (LSA) from the former researches on smaller (test) areas in the country [18] [19] [20] [21] [22] [23] . For the ranking of factor classes, two approaches are used: expert opinion in combination with statistical analysis of the landslide frequency for that class.
One of the basic requirements for AHP-based landslide susceptibility modeling is to have sufficient landslide inventory as a basis for the validation of the model accuracy. However, in Macedonia, detailed inventory is not prepared on the national level yet. For that reason, considering the available time, we prepare inventory based on the landslide records from the field trips and our previous works, then different kinds of maps (especially geological one), landslide records with remote-sensing of satellite imagery, reports from the media etc. The final land-slide dataset consists of 270 landslides as the validation dataset used during the verification of the results produced from the model.
RESULTS
To acquire factor weights in AHP, each factor is rated against every other factor by assigning a relative dominant value between 1 and 9 to the intersecting cell. When the factor on the vertical axis is more important than the factor on the horizontal axis, this value varies between 1 (equally important) and 9 (very important). Conversely, the value varies between the reciprocals 1/2 (0.5) and 1/9 (0.11).
Since we have used 6 parameters, the comparison matrix has 36 boxes ( Table 1 ). The matrix-based weight of the factors, as well as the consistency ratio (CR) of the matrix, is calculated with the AHP Excel template [37] . According to the prepared landslide inventory, own experience and relevant publications, most of the landslides in the Republic of Macedonia occur on moderate slopes (10-30°) and on terrain composed by clastic sediments (Neogene lacustrine deposits, colluvium sediments) and schists (mica-schists, green-schists etc.). Also, a significant number of landslides occur in terrains with weak vegetation (pastures, grasslands, bare and erodible rocks), but also in the cultivated land on steep terrains and in urban areas. The statistically substantial number of landslides are located on the distance up to 100-200 m from the streams and up to 50 m from the roads, mostly as a large roadside rock falls. Based on these facts, the AHP matrix in Table 1 and the class ranks in Table 2 are prepared. Consistency ratio (CR) which shows how consistent is the hierarchy of the factors in the AHP matrix is a very important parameter. Saaty [25] suggest that the CR must be less than 0.1 to accept the computed weights otherworld the ratings should be re-evaluated. CR for the matrix in Table 1 is 0.035 indicating the acceptable consistency of the comparison matrix.
The factor class ranking (R) is made in a range of 1 (insignificant influence) to 5 (highest influence for that factor). Thus, it is found that the highest number of recorded landslides (86) is present in the slope class of 10-30° and that class is ranked with the value 5. Contrary, in the slope class of 0-5° only 3 landslides are registered so that the slope class is ranked with 1. A similar procedure is taken for all other factors. However, some expertbased evaluation is made when the statistical results are problematic. That is the case with road buffers wherein the first buffer (0-50 m) statistically very large number of landslides is found (135). Our explanation is that most of the recorded landslides with field surveys (for this study) were visible from the roads. For that reason, a weighting of the factor proximity to roads was lower on the matrix scale (but the < 50 m road buffer is with a value of 5).
Finally, the weight of each factor is multiplied by its rankings R (based on the qualitative and expert rankings [38] ), then multiplied by 5 and rounded to the final value ( Table 2) .
The final map (Figure 2 ) is calculated by summing up the values of each grid cell of all of the 6 digital layers. The values of the resulting model are in the range from 2.6 (areas with the lowest potential for landslides) to 26 (areas with the greatest potential for landslides or already under landslides).
However, the LS map with continuous values provides an only general view of the landslide-prone areas. For better differentiation and landslide susceptibility zoning, the classification of these values must be done. In that sense, using GIS-based natural breaks and quantile classification, we try to classify LS values into five classes of very low, low, medium, high and very high landslides susceptibility zones. Both classifications are performed in SAGA GIS software and their results are compared to ROC curve validation. Natural breaks (or Jenks) algorithm performing classification by grouping similar values while maximizing the differences between classes. It gives good results when the histogram shows evident breaks, and for this reason [39] . During this classification method, a problem appears with too small areas of very low and very high susceptibility zones. For that reason, natural breaks (jenks) method is updated with the histogram specific breaks (with the following ranges: 2-12, 12-14, 14-16, 16-18 and 18-26 for the very high LS zone) and the result is shown in Figure 3 . The second method, i.e. quartile classification is well suited to linearly distributed data assigning the same number of data values to each class. There are no empty classes or classes with too few or too many values [40] . The map prepared with quantile classification (Figure 4) is with a slightly more dominant high and very high landslide susceptibility zone. That is even more evident from the map crops which cover the Skopje basin ( Figure 6 ). Evidently, there is a more significant difference in very high landslide susceptibility area which is confirmed with validation tables. However, the generally small difference is only a result of the class breaks threshold and not related to the AHP procedure itself.
In order to choose the more accurate map of both implemented classifications, the validation technique was used to compare known landslide location data with the landslide susceptibility zonation map. That is made with validation data and ROC curve derived AUC (Area Under Curve).
Both GIS-based classifications (quantiles and natural breaks) shows the acceptable accuracy of the implemented model because more than 70 % of the landslides in the inventory are in the class of high (H) and very high (VH) landslide susceptibility (Table 3). However, natural breaks classification here is superior because only 18 landslides fall in the class of low and very low susceptibility vs 31 landslides in quantile classification. Also, within natural breaks classification, 203 landslides (75 %) fall in the zone of high and very high susceptibility vs only 193 landslides (71.6 %) in quantile classification. However, the number of landslides (in %) compared with the area (in %) of high and very high susceptibility class, show an equal ratio for both classifications i.e. 3.61. From the other side, the same ratio for the areas with low and very low susceptibility class is 0.39 for natural breaks and 0.57 for quantiles which favors natural breaks. Taken that the ratio tends to be as close to 0 for very low LS class, and increase well above 1 for very high LS class, then natural breaks classification shows slightly better overall accuracy. Thus, according to the AHP map prepared with natural breaks classification, 93.4 % of the landslides fall within very high, high and moderate landslide susceptibility zones (covering 66.6 % of the country area). An alternative way to the above statistics is the receiver operating characteristic (ROC) value and the area under the ROC curve (AUC). This method has been widely used as a measure of performance of a predictive rule. ROC plots the different accuracy values obtained against the whole range of possible threshold values of the functions, and the AUC serves as a global accuracy statistic for the model, regardless of a specific discriminate threshold. This curve is obtained by plotting all combinations of sensitivities and proportions of false negatives (1-specificity) which may be obtained by varying the decision threshold. The range of values of the ROC curve area is 0.5-1 for a goodfit, while values below 0.5 represent a random fit [41] . In our case, for better assessment of the model, except the recorded "true-positive" landslides (value 1) in the validation dataset, 540 "false-positive" landslides (value 0) are also selected as random points sampling from DEM (using SAGA GIS). According to our results, with non-random spatial sampling (i.e. on flat areas, highly convex areas etc.), AUC is inadequately high compared with random sampling (excluding the areas of already confirmed-recorded landslides).
The ROC curve and AUC in this study are calculated in SPSS-statistical software (trial version) and presented in Figure 5 . It is interesting that both AHP-based maps have almost the same AUC with the very slight advantage of the natural breaks classification (0.780 vs 0.776). Thus, for both, there is nearly 78 % agreement with the landslide locations which is a reasonable result at this scale. 
CONCLUSIONS
LSA is a crucial step to prevent landslides in places where this could be expected or to minimize its damages. At the regional scale, statistical methods like frequency ratio are generally considered the most appropriate for LS mapping because they are objective, reproducible and easily updatable [33] . However, for the implementation of these methods, sufficient landslide inventory is needed. Without that, a semi-quantitative approach can be used as in this paper where Analytical Hierarchy Process (AHP) in a GIS environment is applied. Within the procedure, six factors are selected, analyzed and weighted according to the expert judgment and statistical rankings from the few case studies through the country. Among the factors, slope, lithology, plan curvature, land use, distance from streams and distance from roads are used as the most influencing. The final model is prepared as a sum of weighted grid cells values for each of the 6 factorslayers. With further quantile and natural breaks classification, 5 landslide susceptibility classes are defined and represented on the map. Even with very limited landslide inventory, statistically, there is about 78% agreement (AUC value) between the maps (models) and 270 landslide locations, which is an acceptable result taking into consideration the scale of analysis. It is interesting that both classifications show very similar AUC in slightly favor of natural breaks (0.78) and indicate that about 40% of the country area is under high and very high landslide susceptibility. Regionally, most of the area with high and very high landslide susceptibility in Macedonia is extended over hilly terrains and in mountain foots, on the side of valley bottoms in gorges, and on the sides of depressions and basins which are usually covered with Neogene lacustrine sediments (Fig. 2, 3 and 4) . Thus, according to the maps, the areas in the central part of the country (Tikveš depression), the north-east part on the hillslopes of Osogovo and Bilino mountains and upper Bregalnica catchment, on the edges of Skopje Basin (Fig. 6) , and the foothills of Šara Mountain are among the most susceptible to landslides. On the contrary, larger plains in the country and terrains built by solid rocks (limestone, marble, andesite etc.), especially in the western part, show low landslide susceptibility. However, the field studies found that even there the occurrence of (smaller) landslides is not totally excluded (near channels, roads, constructions, and other sites with substantial anthropogenic activities).
The LS approach implemented in this work can be further improved in combination with statistical methods if larger and more reliable landslide inventory database is prepared [42] and if other triggering factors (TWI, SPI etc.) are evaluated.
The ultimate goal of producing an accurate LS map that willcover the entire country is not only to indicate endangered areas but to take actions and activities toward prevention and decreasing of the hazard risk itself. If applied properly, such maps are suited for minimizing or avoiding future risks and damages [43] . Nevertheless, in Macedonia, national funds are primarily used for recovery from damages by landslides, and much less for prevention and especially in producing quality mass-movement susceptibility models and maps. In that sense, this model is the first attempt on the country level hoping that further improvement will be made soon.
